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Abstract 
Laser cladding is a method of material deposition used to envelop a substrate with a surface of material which has superior characteristics, such 
as corrosion or abrasion resistance.  There are several process parameters to be adjusted to generate a deposited bead or a layer, and developing 
a model to predict a bead shape is challenging due to the highly level of coupling between the manufacturing process parameters and the bead 
geometry. This paper will present results for an experimental study where P420 steel cladding powder (a steel commonly used in injection 
molding) is deposited on low carbon structural steel plates using the coaxial powder flow laser cladding method. Five process parameters such 
as laser power, scanning speed and powder flow rate etc. are varied to explore their impact on the bead height, width, penetration, area, dilution 
area, and the bead shape. The bead shape to process parameter relationships are explored and predictive models are developed using analysis of 
variance, a ‘lumped parameter model, and artificial neural network (ANN) approaches. The best fit for a predictive model is achieved with the 
ANN approach. This work will be extended to incorporate a variety of substrate and clad materials, and layering parameters.  
 
© 2014 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Cladding can be defined as “a process which is used to fuse 
with a laser beam another material which has different 
metallurgical properties on a substrate, whereby only a very 
thin layer of the substrate has to be melted in order to achieve 
metallurgical bonding with minimal dilution of added material 
and substrate in order to maintain the original properties of the 
coating material”[1-2].Laser cladding (LC) is a technique in 
which a laser beam is used as the heating source to melt the 
alloy powder or a wire to be deposited on the surface of the 
substrate. The laser cladding process using a powdered 
material is shown schematically in Figure 1. The metallic 
powder is injected into the melt pool through a coaxial or off-
axis nozzle while simultaneously a high powdered laser beam 
melts the cladding material over the substrate or base metal. 
 
 
 
  
 
 
 
 
 
 
 
Fig. 1. A schematic diagram of the laser cladding process.[3] 
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During the past last fifteen years, basic and applied 
research has led to a profound understanding of the cladding 
process as well as to a variety of potential applications [4-5]. 
However to date, industry has been reluctant to adopt this 
technology mainly due to high investment and running costs. 
Since high power diode lasers have been developed and 
introduced to the market, this situation has been changed. A 
main advantage of these lasers is a significant reduction in 
running and maintenance costs [6]. These developments led to 
an increased request of industry for laser cladding especially 
for the repair of tools and turbine engine parts (Figure 2), 
where layers are stacked to repair the desired part. 
 
 
Fig. 2. A blade is being repaired with laser cladding. [3] 
Currently there is a growing interest in industry for using 
additive manufacturing technologies for making large, 
metallic, functional components. Most engineering 
applications require high strength and corrosion resistant 
materials for long-term reliability and performance; 
consequently, laser cladding is being explored as a viable 
solution for an additive manufacturing (AM) approach. 
To successfully deposit powder material employing a LC 
process, the influence of many parameters (i.e., the powder 
flow, travel speed, and laser power) needs to be understood to 
be able to generate the desired bead geometry and predict 
probable shape related variations. The main problem faced in 
cladding is the selection of optimum combinations of process 
parameters for achieving good clad bead geometry, which is a 
multi-input multi-output, non-linear, highly coupled problem. 
The static parameters are shown in Table 1, and the 
parameters that are varied for this work are the: (i) laser 
power, (ii) travel speed, (iii) powder feed rate, (iv) focal 
length, and (v) the contact tip to work piece distance.  
Identifying the extent of the contribution for each factor 
and impact of their interactions on the output is essential for 
developing predictive models, which is the long term goal of 
this research. This paper will present results for an 
experimental study where P420 stainless steel cladding 
powder (a steel alloy commonly used in injection molding) is 
deposited on low carbon structural steel plates using the 
coaxial powder flow laser cladding method. The five process 
parameters are varied to explore their impact on the bead 
height, width, penetration, area, dilution area, and the bead 
shape/symmetry. The static process parameters for these 
experiments are determined from industrial experts.  
Table 1. Static process parameters. 
Constant Factors Specification 
Workbench angle 0 ° 
Laser torch angle 90 ° to work piece 
Shielding Gas 100 % Argon gas 
Shielding Gas flow rate 8 L/min 
Base Material (Substrate) Cold rolled structural steel 
(4”x2”x0.5”) or (102 mm x 
51 mm x 12.7 mm) 
Powdered Material (Clad) P420 Stainless Steel 
Grain size 75 micrometer 
Nozzle type Co- Axial Nozzle 
Tip- Size (diameter) 4.3 (mm) 
The design of experiments (DOE) approach is utilized to 
develop an experimental plan to identify key parameters and 
interdependencies with a minimal amount of data. A thorough 
analysis of the bead shapes and the shape errors will be 
explored with respect to the process parameters. An artificial 
neural network (ANN) has been developed, and the ANN 
results are compared to the analysis of variance (ANOVA) 
results, and a model developed by assessing the observed 
effects of the process parameters on the bead shapes. 
The experimental methodology is described in section 3. 
The results are presented in section 4. The summary, 
conclusions, and future work are presented in section 5.  
 
Nomenclature 
3D  3 dimensional 
Ap  Cross- sectional Area of Positive Bead (mm2) 
AM  Additive Manufacturing 
ANN  Artificial Neural Network 
ANOVA  Analysis of Variance 
An  Cross- Sectional Area of Negative Bead (mm2) 
CAM  Computer Aided Manufacturing  
CCD  Central Composite Design 
CTWD Contact Tip to Work Distance (mm) 
D  Percent Dilution of the bead 
DOE  Design of Experiments 
FL  Focal length of the Lens (mm) 
FR  Feed Rate (g/min) 
H  Reinforcement height of the bead (mm) 
HAZ  Heat Affected Zone 
k  Factors 
LC  Laser Cladding 
LS  Laser Speed (mm/sec) 
MSE  Mean Square Error 
P  Penetration of the bead (mm) 
PW  Power (kW) 
RSM  Response Surface Methodology 
W  Width of the bead (mm) 
2. Background  
Conceptually, there is much similarity in machining and 
AM as AM travel paths consists of contouring and a raster fill 
pattern, which corresponds to standard machining tool paths. 
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When determining a machining operation using computer 
aided manufacturing (CAM) software, a process planner 
selects a tool type, and appropriate operating parameters 
based on the work piece material and the cutting tool material 
[7]. The designer is not concerned how travel speed variations 
(within the recommended guidelines) will affect the final 
geometry. However, for 3D LC additive manufacturing 
applications, there are unique challenges for effective process 
planning as the bead geometry is highly coupled to the 
process parameters, and there are no well-defined material 
libraries to assist designers with determining the appropriate 
process parameters for a desired outcome.  Hence, an 
understanding of the bead geometry characteristics and the fill 
strategies with respect to the process parameters are important 
in order to allow planners to develop an operation plan 
effectively. However, the data collection challenge is 
extensive due to the number of parameters and the range of 
settings that can be employed. Therefore, a review of 
experimental approaches is performed to gain insight for 
effective data collection.  
2.1. Experimental approaches 
Researchers have employed various experimental 
techniques considering various process parameters and using 
differing materials, as shown in Table 2 [8-17]. The travel 
speed parameter is considered by all researchers and the laser 
power levels and feed rate of the material by the majority. 
Interestingly, the focal length and the contact tip to work 
piece distance parameters are not considered by many 
researchers. Most researchers have chosen to pursue a DOE 
approach, with some leveraging the response surface method 
(RSM) or Taguchi techniques.  
Table 2. Critical literature review summary.  
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[8] Ni alloy √ √ -- √ -- √ √ -- 
[9] Colmonoy 5 √ √ -- √ -- √ √ -- 
[10] Steel 63 (0.63% C) √ √ -- √ -- √ -- -- 
[11] Ni alloy √ √ -- √ -- √ √ -- 
[12] Ti6Al4V √ √ -- √ -- √ √ -- 
[13] Iron-Ni alloy √ √ -- √ -- -- -- -- 
[14] Ni alloy √ -- √ √ √ √ -- √ 
[15] Co alloy √ -- √ √ -- √ -- √ 
[16] Ti alloy √ √ -- √ -- -- -- -- 
[17] SS308 Wire -- √ -- √ √ √ √ -- 
3. Methodology 
3.1. Experimental  design parameters  
From the literature review it is evident that many 
approaches have been taken to collect and model bead 
deposition data, and there is no unified approach, although the 
majority of researchers focused on the travel speed, power 
levels, and material feed rate. The response surface method 
(RSM) is used here as this methodology has been developed 
to obtain an optimal response for a given output which is 
influenced by several input variables. A specific sequence of 
experiments is utilized in which variations are introduced in 
select combinations of input parameters to identify 
trends/reasons for changes to response variables (outputs) of a 
system [18]. A full factorial central composite design 
experiment (CCD), which complements the RSM, is 
conducted. As there are 5 factors being evaluated, 25= 32 
experiments are performed. As each factor varies over a 5 
order range the factors are standardized between the ranges of 
-2 to 2 for this research (Table 3). In a CCD design, the 
‘center points’ of the experimental set are repeated 3-5 times 
to enhance the stability of the model. Visualization for this 
technique is illustrated in Figure 3 and the CCD for this work 
is shown in Table 4. There are 6 center points. Three 
replicates are performed for a total of 96 experiments in order 
to understand the experimental error. 420 stainless steel is 
employed for the clad material, and substrate is cold rolled  
structural steel. The following five process parameters were 
considered for the experiments: 
x Laser power (KW) 
x Powder feed rate (grams/min) 
x Laser speed (mm/sec) 
x Focal length (mm) 
x Contact tip to work-piece distance (mm)  
The bead width, bead height, bead penetration, the 
deposition area, the melt pool area and the dilution are the 
output variables being evaluated. Selected results are 
presented here due to space limitations. 
Table 3. The LC CCD experimental design parameters and their levels. 
Parameters Units Notations Factor Levels -2 -1 0 1 2 
Laser power KW PW 1 2 2.5 3 4 
Powder feed 
rate 
grams / 
min FR 10 15 20 25 30 
Laser Speed mm/sec LS 5 7.5 10 12.5 15 
Focal length of 
lens 
mm FL 380 390 400 410 420 
Contact tip to 
work piece 
distance 
mm CTWD 21 22 23 24 25 
  
                   
Fig. 3.  k=3 factor CCD.   
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Table 4. CCD parameters for this research. 
Factors 5  Replicates 1 
Base runs 32  Total Runs 32 
Base blocks 1  Total blocks 1 
Two-level factorial:         Half fraction 
Cube points: 16 
Center points in cube 6 
Axial points:  10 
Center points in axial: 0 
Alpha: 2 
 
Single pass deposition samples were made with each run 
condition. Figure 4 shows the scheme with typical cross 
section of a laser clad bead and defines the main geometrical 
quantities usually used for laser track characterization: clad 
width (W), clad height (H), clad penetration (P), the positive 
bead area Ap, and the ‘negative’ bead area An, which is the 
melt pool region. A typical cross section is illustrated in 
Figure 5. The heat affected zone (HAZ) is not being assessed 
at this time. The dilution (D) is defined as: 
 np n AA
AD   (1) 
Where  Ap is the positive bead area (above the substrate)  
 An is the negative bead area (melt pool region) 
 
        
 
 
 
 
 
Fig. 4. Cross section view of a single bead notation. 
           
Fig. 5. Cross section view of an experimental sample. 
The beads are mounted, polished, and etched, as shown in 
Figure 6.  
                        
Fig. 6. Mounted and polished experimental samples. 
3.2. Development of Predictive Models 
Three approaches for developing a predictive model from 
the data are explored and compared: (i) an artificial neural 
network (ANN), (ii) an analysis of variance (ANOVA) 
approach, and (iii) a ‘lumped parameter’ model based on 
physics and observed trends. There are three stages when to 
consider refining a developed ANN: training, validation, and 
testing. The data is partitioned between these three stages.  To 
determine the data partitioning that provides the best fit, the 
data is partitioned as follows: 50-25-25; 60-20-20; and 70-15-
15% for training, validation, and testing respectively. The best 
fit occurs with the minimal mean square error (MSE); which 
is achieved at 70-15-15 (Table 5). Therefore, this data 
division is chosen for this research.   
Table 5. Division of the dataset: Testing-Training-Validation. Note: The 
training technique used here is the Levenberg-Marquardt algorithm.   
Data Division Fitness (%) MS Error 
Training- Testing- Validation 70-15-15  96.34 0.0172 
60-20-20  86.40 0.0173  
50-25-25  83.93 0.0215  
 
 
Minitab™ is used for the ANOVA analysis. The lumped 
parameter model considers factors such as the volume of 
material deposited over a unit length, and the heat per heat per 
unit length, as these elements relate directly to the physical 
domain. The modelling approach is summarized in Figure 7.  
 
 
Experimental Data
Neural Network
ANOVA
Pattern Analysis
x Normalized data
x Train the network
x Model verification
x Significant Key factors
* Significant interactions
* Error analysis
x Regression analysis
x Model verification
x Key factors
* Mass transfer per unit length
* Heat per unit length
x Model verification
 
Fig. 7. Data analysis and modeling approaches. 
 
4. Experimental Results and Derived Models 
4.1. General observations 
When assessing the average standard deviation for each 
experiment set, it is found that the average standard deviation 
for the width is the greatest, whereas the bead height, 
penetration, melt pool area, and dilution (a percentage) 
indicates little variation between the runs (Table 6).  
       
Penetration 
Height 
Clad material 
Width 
Substrate 
Positive bead area 
Negative bead area 
  Penetration 
Height 
Width 
Substrate 
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Table 6. Evaluation of the average ‘standard deviation’ for each output. 
Width Height Penetration Areap  Arean  D (%) 
0.18 0.04 0.05 0.12 0.04 1.27 
 
Eighteen experiments (3 replicates) have a constant mass 
transfer per unit distance, although individual the feed rate 
(FR) and laser travel speed (LS) parameters vary (Table 3):  
  60*sec/
min)/()/(
mmLS
gramsFRmmgrams
lengthunit
xferMass   (2) 
Although the mass transfer per unit length is constant, the 
width and the two area measurements vary considerably 
(Table 7). When assessing this data when the power is 
constant (50% of this set), the deviation is reduced, but still 
significant for the width, and the positive area (Table 8). 
Table 7. Evaluation for constant mass transfer conditions. 
  Width Height Penetration Areap  Arean  D (%) 
Average 4.13 0.88 0.44 2.52 0.80 21.23 
Std. Dev. 0.40 0.13 0.26 0.45 0.71 13.00 
Table8. Evaluation for constant mass transfer conditions and constant power. 
  Width Height Penetration Areap  Arean  D (%) 
Average 4.15 0.97 0.36 2.74 0.52 16.16 
Std. Dev. 0.22 0.11 0.09 0.33 0.10 4.14 
 
For the constant mass transfer per unit volume data set, the 
influence of laser power and the focal length is shown in 
Figures 8 and 9. It appears the power influences the width as a 
logarithmic or square root function, whereas the focal length 
(and contact tip to work piece distance as well) to width 
relationship appears as inverted parabolic shapes. These non-
linear responses illustrate the challenges associated with 
developing a predictive model. Hence, the ANN (a black box 
methodology), statistical, and ‘lumped’ parameter models are 
being considered, as discussed in the next sub-sections.  
 
 
Fig. 8. Width versus power when there is a constant FR to LS ratio (note: the 
CTD and FL values vary). 
4.2. Artificial Neural Network results 
A forward network ANN, which utilizes a tan sigmoid 
activation function of 30 neurons for the hidden layer is 
trained, tested, and validated and the a regression analysis 
between the data and the predicted results shows a good fit, as 
illustrated in Figure 10. The actual versus the predicted width 
plot is the nosiest, and is illustrated in Figure 11.  
 
 
Fig. 9. Width versus FL relationship when there is constant FR to LS ratio 
(note: the CTD and power values vary). 
 
Fig. 10. Regression plot for the ANN network. 
 
Fig. 11. Width plot (blue is the experimental data, green is the predicted data).  
4.3. ANOVA Results 
The independent variables and their interactions are 
evaluated. It was found that no interaction is significant, 
which may be due to the non-linear nature of the system 
(Table 9). Using the results to develop equation for height: 
CTWD *0.06 - LS* 0.063 - FL* 0.003
 + PW *0.01 - FR* 0.03 + 0.93 =Height  (3) 
 
For this relationship, the R2=0.67 and average error is ~ 18%. 
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Table 9. ANOVA key parameter assessment, Ĝ indicates a significant effect 
on the responses. 
Independent Variables Width Height Penetration Areap 
FR -- √ √ √ 
PW √ -- √ -- 
FL -- -- -- -- 
LS √ √ √ √ 
CTWD -- -- -- -- 
R2 0.722 0.699 0.908 0.670 
Standard error of the estimate 0.234 0.154 0.082 0.125 
4.4. ‘Lumped parameter’ results 
As the non-linear influences are evident based on the 
general observations, it is decided to model based on these 
trends. For Ap, parabolic inflection points are observed at the 
CTWD=23 mm, and the FL = 409 mm, and it appears that the 
power impacts the width and Ap as a square root function. 
Using this information in a lumped parameter P1, where: 
2
2
409)/100)-ABS(FL-(1*
 23)/10)-ABS(CTWD-(1*PW*
LS*60
FR =P1  (4) 
this led to a model with a fit of R2 = 0.91 (Figure 12). 
 
 
Fig. 12. Ap versus ‘lumped parameter’ P1. 
5. Summary and Conclusions 
The LC environment is complex, and it is challenging to 
develop a robust bead geometry to process parameter model 
due to the noise, non-linearity, and coupling. However, for 
effective processing planning for 3D components, rules and 
knowledge, material libraries, and design strategies that are 
repeatable and robust need to be developed for the bead, 
overlap, and layering conditions. Starting with the bead 
morphology, an experimental plan developed using the RSM, 
and the collected data is assessed using a variety of methods 
to determine the approach with the best fit, as this will be 
utilized in an AM-LC process planning library. The ANOVA 
method generated the model with the poorest fit, whereas the 
ANN models had the best fit. This work will be continued 
using various materials and different static parameters (i.e. 
grain size and torch angle). Overlap experiments are presently 
being conducted to determine whether the trends observed at 
the bead level are consistent when there are overlap 
conditions (Figure 13). 
 
 
Fig. 13. 50% overlap:   PW  2.5 kw,  FR 25 gm/min, LS =10 mm/sec.  
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